Epithelial-mesenchymal transition (EMT) plays a crucial role in embryonic development and 18 tumorigenesis. Although EMT has been extensively studied with both computational and 19 experimental methods, the gene regulatory mechanisms governing the transition are not yet well 20 understood. Recent investigations have begun to better characterize the complex phenotypic 21 plasticity underlying EMT using a computational systems biology approach. Here, we analyzed 22 recently published single-cell RNA sequencing data from E9.5 to E11.5 mouse embryonic skin 23 cells and identified the gene expression patterns of both epithelial and mesenchymal phenotypes, 24 as well as a clear hybrid state. By integrating the scRNA-seq data and gene regulatory 25 interactions from the literature, we constructed a gene regulatory network model governing the 26 decision-making of EMT in the context of the developing mouse embryo. We simulated the 27 network using a recently developed mathematical modeling method, named RACIPE, and 28 observed three distinct phenotypic states whose gene expression patterns can be associated with 29 the epithelial, hybrid, and mesenchymal states in the scRNA-seq data. Additionally, the model is 30 in agreement with published results on the composition of EMT phenotypes and regulatory 31 networks. We identified Wnt signaling as a major pathway in inducing the EMT and its role in 32 driving cellular state transitions during embryonic development. Our findings demonstrate a new 33 method of identifying and incorporating tissue-specific regulatory interactions into gene 34 regulatory network modeling. 35 36
Introduction 52
Epithelial-mesenchymal transition is a widely studied cellular process during which epithelial 53 cells lose the junctions binding them to their immediate environment while simultaneously 54 acquiring the phenotypic traits of mesenchymal cells, which permit migratory and invasive 55 behaviors [1, 2] . There are three distinct types of EMT in the contexts of embryonic development, 56 wound healing, and cancer progression [3] . One major topic of interest regarding EMT is the 57 stability, structure, and function of hybrid phenotypes [4] , in which cells express canonical 58 markers of both epithelial (E) and mesenchymal (M) phenotypes. However, it is still unclear 59 whether such hybrid phenotypes are merely transitional states or a distinct hybrid cell type [5, 6] . 60 A hybrid phenotype in cancer could permit the formation of circulating tumor cell clusters, 61 groups of cells which can collectively migrate, increasing their likelihood of successfully 62 forming a secondary tumor [7] . On the other hand, partial EMT phenotypes may be helpful in 63 their ability to collectively migrate and close open wounds [3, 8] . A greater understanding of the 64 mechanisms of EMT with respect to these hybrid cells could therefore permit more advanced 65 investigation and treatment options in a number of clinical situations. 66
To better understand the regulatory mechanisms that control the creation and maintenance of 67 these cell types and the dynamical transitions between them, researchers have adopted systems-68 biology approaches to model the gene regulatory networks (GRNs) that govern the decision-69 making of EMT [9] [10] [11] [12] [13] [14] [15] . A number of simple gene regulatory circuit models have been proposed 70 which would permit the existence of three or more states during EMT based on the activity of 71 core transcription factors (TFs) including Snail and Zeb, as well as other regulatory elements 72 such as microRNAs [14] [15] [16] [17] . Beyond these reduced models, larger networks have been 73 simulated to observe the abilities of different signal transduction pathways to induce and regulate 74 EMT [9, 10] . Building on the large body of experimental evidence for specific gene regulatory 75 interactions, GRN models can be constructed which accurately convey the general phenotypic 76 topography of EMT [17, 18] . However, such methods are usually limited by insufficient 77 experimental evidences on regulatory interactions and human errors in the process of curation. 78
Moreover, literature-based GRNs are often composed of interactions identified in different 79 contexts; therefore, it is difficult to draw biologically relevant conclusions for specific systems. 80 While many of the above-mentioned approaches use experimental data on specific biomarkers to 81 validate their models, with the advent of new genomics technologies, it is now possible to 82 measure genome-wide transcriptomics data for different stages of the process. Especially with 83 single cell measurement, one can investigate the heterogeneity of a cell population and 84 distinguish between stable hybrid phenotypes and simple mixtures of E and M cells. (Col1a1) [22] [23] [24] . We then performed PCA on the top 50 EMT-related DEGs (Fig. 1b) to 152 examine the distribution of cells on the EMT phenotypic landscape. The first principal 153 component here captured nearly 68% of the variance in the data, clearly separating the E and M 154 clusters as denoted by the previous study. The PCA also showed dramatically less developmental 155 bias in these results, suggesting independent mechanisms of development and EMT at work in 156 the cells. 157
The abovementioned PCA indicated the presence of several distinct EMT states in the data, but 158 the sharp contrast between E and M cells obscured subtler differences which could mark a hybrid 159 state. Hierarchical clustering was performed on the expression values of the top 25 marker DEGs 160 for each cluster (Fig. 1c) . While the expression heatmap shows distinct regions of coexpression, 161 once again the less dramatic gene expression profile of the hybrid cells was overshadowed by the 162 greater contrast between E and M cells. Because a previous investigation [5] of the same dataset 163 uncovered hybrid cells only as a subpopulation of the E cells, the data were split into separate 164 groups of E and M cells and PCA was performed on the top 25 marker DEGs of the other 165 cluster; i.e. E cells were clustered on the top 25 M genes and M cells on the top 25 E genes ( Fig.  166 1d-e). Among the E cells, a clear subpopulation was discernible with higher expression of M 167 marker genes, suggesting a hybrid phenotype. These cells, designated by the dendrogram on Fig.  168 1d (cut at the number of clusters indicated by the Ball Index [25]), were denoted E-Hybrid (E-169 Hyb). The same approach for the M cells yielded fewer M-Hybrid (M-Hyb) cells, but this 170 smaller subpopulation also showed unusually high expression of E marker genes, indicating that 171 a M-Hyb phenotype may be present in small quantities. Overall, the DEG analysis identified 172 multiple EMT states in the data including hybrid states, suggesting that EMT is occurring in 173 embryonic mouse tissues between the E9.5-E11.5 stages. 174
We also examined the distribution of the EMT states across developmental stages using the 175 scRNA-seq. However, the data show few well-distinguished trends in the relative proportions of 176 different phenotypes across the E9.5-E11.5 timepoints, counter to the gradual increase in M cells 177 that might be expected if EMT were occurring ( Fig. S2 ). Previous experiments have found that 178 EMT does occur in the developmental mouse during these stages but have not established with 179 certainty the direction or the volume of EMT which occurs [2, 26, 27] . It is also hard to identify 180 such information with the scRNA-seq data, likely because of low sample size of single cells and 181 the lack of time-series data. 182
Constructing a gene regulatory network for EMT 183
To create a GRN which is both relevant to the specific dataset in this study and representative of 184 the regulatory mechanisms of EMT in general, we devised a computational protocol to 185 incorporate interactions from both literature and the scRNA-seq data analysis ( Fig. 2a ). 186
Beginning from a literature-based network ( Fig. 2a , leftmost diagram), we removed genes that 187 are vastly not expressed and signaling pathways (second diagram) to identify a small set of core 188 regulators. Then, using gene-set enrichment analysis (GSEA) on experimental data, we 189 reincorporated the most enriched signaling pathway as an upstream driver of the network (third 190 diagram, yellow node and edges). Finally, using SCENIC, we inferred the regulatory activity of 191 the TFs in the dataset and introduced context-specific interactions (rightmost diagram, green 192 nodes and edges) to generate the network to be simulated using mathematical modeling (see 193 below for details). To evaluate the dynamical behavior of the 14-node GRNs, we applied RACIPE, a mathematical 271 modeling algorithm, (see methods for details) to generate simulated gene expression profiles 272 from an ensemble of 10,000 models with randomly generated parameters. Using stochastic 273 analysis and simulated annealing, we modeled the network at 30 progressively smaller noise 274 levels, capturing the relative stability of states through their prevalence in the simulation results. 275 787  4107  6196  5361  6448  1761  4408  1529  5967  6441  2639  5799  5572  5079  4734  4817  1186  4182  8100  2382  1882  2410  8213  3770  8548  3219  5901  9408  2531  913  5601  1438  4942  9934  3307  9117  630  3128  1304  8425  6599  6115  7351  9648  4062  9906  5549  4744  198  9607  3093  8402  4429  2227  717  5529  6562  9452  7110  1226  4469  4205  4866  4655  9146  4316  8702  283  8606  9877  1939  7657  9535  9652  1607  8950  5065  6117  3141  5558  3839  206  2505  8496  8015  2234  6263  5690 In addition to the stochastic simulations, we conducted deterministic simulations of the 14-node 306 network. The deterministic simulations generated the same three phenotypes as well as a number 307 of models with low expression for all genes (a low-expression state, Fig. S3 ). With respect to the 308 distribution of phenotypes, the deterministic simulations yielded a greater proportion of M 309 models and fewer E and H models, but overall the results were comparable. The results are also 310 consistent with our previous studies that stochastic analysis yields less of the low-expression 311 state than the deterministic analysis [9,37] Because the stochastic analysis allows better 312 evaluation of the stability of various states better, we proceeded with the stochastic simulation 313 results. 314
315
We also compared the simulation results with stochastic RACIPE simulations of the core 316 network prior to incorporating interactions from SCENIC (Fig. S4) . The three phenotypes 317 present aligned closely with the phenotypes predicted with the core network, although the 318 updated network topology resulted in a larger proportion of H models. This suggests that the 319 fundamental behaviors of EMT are highly conserved across biological contexts and tissue-320 specific interactions account for small optimizations. One of the potential roles of these genes 321 newly added to the network is to stabilize a hybrid phenotype during development but they may 322 not be involved in other contexts such as wound healing. 323
324
To validate the GRN model, we compared the simulated gene expression profiles with scRNA-325 seq data (Fig. 4b) . To consider the cases where TF expression does not correlate with TF activity, we inferred the 336 regulon activity for each TF using the expression of targeted genes (Fig. 4c ). Epithelial and E-337
Hyb cells show strong agreement with the RACIPE results, with high activity in Irf6, Grhl2, 338 Trp63, Dlx3, and Hmgn3. Similarly, the M cells show high activity among M marker TFs 339 including Twist1, Zeb1, and Snai1. The hybrid cells showed increased activity in Snai2 and Lef1 340 in particular, with some activity in the other M marker TFs, generally in agreement with the 341 simulations. Snai2 and Hmgn3 show activity profiles dramatically different from their expression 342 profiles, probably because expression is not always indicative of TF activity. The three states 343 found in the RACIPE simulations are also observable using regulon activity, although using a 344 larger number of TFs would likely facilitate the identification of the hybrid state. 345
346
We examined the distribution of phenotypes in two-dimensional space using PCA of the 347 simulated gene expression values (Fig. 4e ). This analysis revealed that the H models grouped 348 more closely to the E models than the M models, indicating that the hybrid state may be more 349 closely related to the E phenotype. This may also reflect the fact that more E-Hyb cells were 350 identified in the scRNA-seq data because SCENIC may have identified primarily interactions 351
supporting an E-Hyb phenotype. The M models also formed a less centralized cluster on the 352 PCA plot, suggesting there may be more phenotypic variety among M cells than E cells with 353 respect to genes involved in EMT. 354
355
The effects of perturbations on specific genes on the network were examined through subsequent 356 knockdown simulations. The proportions of each phenotype with a gene knockdown were 357 compared to the proportions for the untreated conditions ( Fig. 4d ). Grhl2 and Zeb1 had notable 358 effects when knocked down, reducing the proportion of E and M cells respectively, accurately 359 reflecting their central positions in the network topology as well as the mutual inhibition between 360 them. Knockdown of Wnt also appears to influence the phenotypic distribution, resulting in 361 fewer H and M cells and more E cells. The same effect is present to a greater degree when 362 knocking down the direct downstream target of Wnt, Ctnnb1, suggesting that Wnt signaling 363 plays a role in driving EMT and potentially in inducing the H phenotype. Our results on the 364 perturbation of Wnt signaling are consistent with experimental findings that Wnt signaling can 365 induce EMT and may be implicated in cancer metastasis as well [28, 38, 39] . 366
367
The genes incorporated into the network from SCENIC all showed similar impacts when 368 knocked down, reducing the proportion of E cells and increasing the prevalence of M cells. 369
These knockdowns also precipitated a decrease in the number of H cells, suggesting that the 370 hybrid phenotype is regulated by a combination of E and M TFs. Zeb1 and Cdh1 are unique in 371 that knockdowns to these genes increase the prevalence of the H state, likely reflecting the 372 negative feedback which heavily influences both of these genes in the topology. They are also 373 the only two genes which are not strongly expressed in the H state, indicating they strongly Wnt expression alone is a notably poor determinant of phenotype in the RACIPE results because 379 of its integration into the network topology; as an input to the system, it has no regulating 380 influences other than the randomly generated kinetic parameters and thus would be expected to 381
show unpredictable gene expression values. However, as shown by the direct downstream target 382 of Wnt, Ctnnb1, this effect attenuates almost immediately and the influence of Wnt signaling can 383 be seen through the genes with which it indirectly interacts. 384
To further examine the role of Wnt signaling in the EMT process, perturbation simulations were 385 performed with five different ranges of Wnt production rates from low to high (Fig. 4f) . As the 386 level of Wnt expression increases, the E cluster generally diminishes while the M and H clusters 387 grow. This indicates that Wnt signaling in the network serves to promote M and H phenotypes 388 by inducing EMT. 389
Discussions 390
Mathematical modeling of GRNs has traditionally been conducted using information from 391 published literature, which is limited by experimental data that is too noisy or ambiguous to 392 neatly reflect the predictions of the model. Additionally, there are many difficulties of integrating 393 previous results from disparate sources. The approach developed here addresses these limitations 394 by building upon a regulatory network which is well supported in a number of biological 395 contexts and elucidating the specific interactions at work in a particular dataset. Using DEG 396 analysis and GSEA, we were able to identify different phenotypes in scRNA-seq data and 397 illuminate the activity of different signaling pathways. Using SCENIC, we characterized the 398 regulatory networks present in the data and incorporated this information into a literature-based 399 network modeling EMT. The states predicted by our simulations are in agreement with both 400 previous results and the single-cell expression data, suggesting the mechanics of EMT in this 401 context are well represented in the network topology. We are able to clearly identify three 402 distinct expression patterns using the genes in the network, correlating well with general 403 understanding of E, M, and E/M hybrid cells. Furthermore, the perturbation simulations provide 404 potential directions for the development of interventions to promote or prevent EMT in clinical 405 settings. Namely, Wnt signaling and many of the core transcription factors had notable effects on 406 the distribution of states when perturbed. Combinatorial gene knockdowns may magnify these 407 effects, as many feedback mechanisms exist within the EMT network. In our more robust 408 analysis of Wnt perturbation, we found that Wnt is an important inducer of EMT and a stabilizer 409 of a hybrid EMT. 410
Incorporating both literature and experimental data in the study of GRNs is a strategic approach 411 for maximizing the relevance of the network not only to the general biological process under 412 study, but also to the specific context in which the process is observed. The nuances of cellular 413 self-regulation can thus be explored much further than previously possible with a given dataset, 414 as scRNA-seq allows for researchers to explore behavioral variations across and within tissue 415 types whereas previously a single GRN would be constructed to explain a phenomenon 416 regardless of its context. 417
The advantage of combining published results with experimental data is, however, limited by the 418 quality and quantity of available scRNA-seq data. Bulk-cell RNA-seq is insufficient in its 419 granularity to thoroughly investigate a heterogeneous dataset and due to its novelty, scRNA-seq 420 remains relatively challenging and expensive. Additionally, scRNA-seq is limited in its accuracy 421 and may miss important genes entirely. Due to the small sample size, it is possible that relevant 422 aspects of the EMT network were excluded from this analysis, although the use of three embryos 423 at three developmental timepoints mitigates this risk. Moreover, studies have investigated the 424 role of microRNAs in regulating EMT [4, 9] but due to the nature of the dataset they were not 425 included here. RACIPE is able to simulate regulatory relationships including microRNA, 426 however, and could be used in combination with other experimental approaches to obtain a fuller 427 perspective. 428
Beyond EMT, this approach could be employed to gain an understanding of the underlying 429 network topology of any process of interest in a specific biological system. In cases where 430 regulatory relationships are significantly different from one case to another, as in cancer, this 431 method could shed light on unique aspects of the system under study and generate new 432 hypotheses to test experimentally. Studies of cancer and especially developmental processes 433 would also benefit from time-series data, which could help understand the changing phenotypic 434 landscape during the course of a particular process. For example, the methodology developed 435 here could be applied with time-series data from tumor cells to track the epigenetic shifts which 436 promote EMT during metastasis and compare these across cancer types; RACIPE could then be 437 further applied to simulate perturbations and identify ways to target EMT. 438
Regulatory interactions outside of the scope of transcriptional activation and inhibition, including 439 those governed by competitive binding sites, posttranslational modifications, and DNA 440 accessibility are further nuances that escape this analysis and could better illuminate the 441 mechanics of EMT or any other process. However, using experimental methods like ChIP-seq 442 and mass spectrometry, this methodology can be adapted to incorporate these types of 443 interactions as well. 444
Here we have developed a GRN to reflect the behavior of EMT in the specific context of the 445 embryonic mouse, identifying both interactions which regulate EMT universally and interactions 446 which may be tissue-specific. The GRN construction protocol integrates literature-based 447 networks and single cell transcriptomics to construct an accurate model of a particular dataset. In 448 the case of EMT, we identified a hybrid phenotype in the scRNA-seq data as well as the 449 simulation results and characterized the behavior of the network in response to multiple 450 perturbations. This approach could also be used to unveil the regulatory mechanisms of a wide 451 range of biological processes by producing in silico models which closely mirror the behavior of 452 an experimental dataset. 453
Methods 454
Processing expression data and inferring transcription factor activity 455
We first analyzed public scRNA-seq data from 1916 cells in eight tissues of three mouse 456 embryos at three different developmental stages ranging from E9.5-E11.5 [5] . Beginning from 457 the log2(TPM/10 + 1) expression matrix, genes expressed in less than 1% of the cells and genes 458 with a read count below 3% of the number of cells were removed from the dataset. SCENIC was 459 used to infer the major transcription factors and their activity using gene expression data and 460 regulator-target relationships from RcisTarget [19] . The algorithm infers co-expression modules 461 using GRNBoost2 and, for each TF, identifies the direct targeted genes (i.e., a regulon of the TF) 462 with corresponding annotations in genome ranking databases. Only regulons with RcisTarget 463 motif enrichment scores above a threshold of 3 were kept. Cells were then scored for the activity 464 of each regulon with AUCell, yielding a regulon activity matrix [40, 41] . After all 1916 cells 465 were processed with SCENIC, we analyzed a subset of 156 skin cells independently because the 466 subset provided more robust intermediate states. 467
To identify the main regulatory changes across phenotypes in the dataset, differences in 468 regulatory link activity between clusters were evaluated using the regulon activity matrix 469 provided by SCENIC. For each cell type cluster, the mean activity level of each regulon was 470 calculated. The regulons with the greatest difference in mean activities between clusters were 471 selected shown on a heatmap with the ComplexHeatmap package in R, using Spearman 472 correlation distance and the Ward hierarchical clustering method [42] [43] [44] . 473
Identifying differentially expressed genes and transcription factors 474
For our differentially expressed genes analysis, the expression data values were normalized to a 475 mean of 0 and genes with 0 variance were removed. We employed the Seurat package to detect 476 DEGs between two or more given clusters, specifically using the FindAllMarkers method and 477 the "roc" test [40, 41] . In addition to identifying DEGs, several ranking scores including average 478 log fold change and cluster classification power were generated, which were later used to rank 479 genes and examine the activity of KEGG signaling pathways in the dataset. 480
Identifying hybrid states from gene expression 481
We separated E and M cells by principal component analysis (PCA) across the entire filtered set 482 of 16082 genes and all cells of a tissue type, followed by density-based clustering using the 483 HDBClust package. These identities were consistent with the designations from [5]. To generate 484 a list of E and M markers, DEG analysis was performed on the two clusters. The dataset was 485 then split into subgroups of E and M cells before identifying hybrid phenotypes. For each cell 486 type, hierarchical clustering was performed on the top 25 markers for the opposite cell type as 487 identified by DEG analysis. Euclidean distance and the Ward.D2 clustering method were used to 488 cut each dataset into two clusters, and the cells expressing markers of the opposite type were 489 labeled as E-Hyb or M-Hyb according to their initial classifications. 490
Network model construction 491
When filtering out genes with consistently low expression, nodes for which ≥80% of the cells 492 showed expression values below the 10 th percentile of expression values for that gene were 493 removed from the network. The same cutoff was applied to remove low-activity TFs from the 494 network using the regulon activity metric in place of expression values. 495
For each of the interactions derived from SCENIC, a correlation score was calculated between 496 the expression of the target and source genes, as well as the regulon activity of the source and 497 target genes if both were TFs. Among the set of interactions suggested by SCENIC, those for 498 which both the activity and expression correlations across skin cells were below 0.6 were 499 removed. Because this scheme altered the network topology, genes which became inputs or 500 outputs of the system were removed as well. After some manual adjustment to remove 501 topologically redundant genes, meaning those which shared the same set of ≤3 interactions, the 502 final network used in simulations contained 14 nodes and 34 edges. 503
RACIPE simulations and gene perturbations 504
The network models were simulated with RACIPE [9,37] for stochastic analysis, where all gene 505 expression profiles were computed from 10,000 models with randomly perturbed kinetic 506 parameters (using one initial condition for each model). Simulated annealing was performed with 507 an initial noise level of 13 and a noise scaling factor of 0.5 with 30 noise levels. Noise levels for 508 each gene were scaled according to the gene expression values. State clustering was performed 509 using spearman correlation distance and Ward.D2 clustering. Knockdown and overexpression 510 analyses were performed by subsetting the simulation results to only include models with 511 production rates of a given gene in the top or bottom 10% of the parameter range. 512
To examine the effects of a varying Wnt signal, perturbation simulations were performed by 513 generating fresh initial conditions and setting the production rates of the gene of interest, Wnt, to 514 five subsets of the original parameter range in increments of 20%. Stochastic simulations were 515 then conducted to generate 10,000 models under each of these conditions. 516
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